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Abstract
We developed four kinetic models of varying complexity for biodiesel production.
The models incorporate both transesterification and saponification, thereby making
them practically applicable. We then propose an iterative parameter estimation algo-
rithm to identify a prefixed number of significant rate constants via sensitivity analysis
and estimate their kinetic parameters (A and ∆E) using non-linear regression. Using
experimental data on eight different oils, two alcohols, and two catalysts, we show that
our models accurately predict the dynamic concentration profiles of various species dur-
ing the transesterification of oil. Furthermore, we demonstrate the applicability of the
best model (based on the values of Mean Absolute Error (MAE), Root Mean Square
Error (RMSE), and Akaike Information Criterion (AIC)) for eleven additional exper-
iments by predicting the final biodiesel properties with significant accuracy. Finally,
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using N-way ANOVA, we identify the choice of oil, alcohol and catalyst as the most
significant input factors followed by the operating conditions of the reactor.
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Introduction
The depletion of fossil fuel resources and increasing environmental concerns are driving the
search for alternative fuels such as biodiesel that has gained enormous impetus in the past
two decades. The earliest efforts for such alternative fuels can be traced to Rudolf Diesel a
century ago. He was the first to test peanut oil as an alternative fuel for diesel engine.1 During
the 1930s and 1940s, vegetable oils were often used as alternative fuels in case of emergency.2
However, researchers soon realized that they cannot directly substitute the petroleum-based
diesel due to their high viscosities, low volatilities, and poor cold flow properties. Hence,
they are usually processed to obtain biodiesels with properties similar to the petroleum-based
diesel.3
Biodiesel is a non-toxic, renewable, and biodegradable promising alternative fuel com-
posed mainly of fatty acid esters. Its global demand has increased ten-fold (IEA, 2014) over
the last decade with annual production at 30 million m3 in 2014.4 It can be produced by
at least four different processes: pyrolysis, dilution, micro-emulsion, and transesterification.
Among these, transesterification is the most commonly adopted industrial process due to
its higher conversion rates compared to the other processes.5 Transesterification (also re-
ferred to as alcoholysis) is a process in which a triglyceride reacts with an alcohol in the
presence of a catalyst to produce an alkyl ester and glycerol. The alkali catalysts such
as sodium/potassium hydroxides are the most commonly used since the process is faster
and process conditions are moderate. Although biodiesel is a promising alternative fuel, its
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production poses significant challenges due to its higher production costs compared to the
petroleum-based diesel. Therefore, it becomes crucial to model and optimize the biodiesel
production process to lower costs while meeting the desired property specifications.
The literature is replete with research articles and reviews6–8 on the modeling,9–11 sim-
ulation,12–14 process integration,15–17 and optimization11,17–20 of biodiesel production. The
transesterification kinetics has been their primary goal with most studies focusing on the
methanolysis21–23 and ethanolysis24–26 of specific common oils such as soybean,27,28 sun-
flower,29,30 and palm oils.31,32 Their approach has been to develop lumped kinetic models
that involve representing glycerides as one generic monoglyceride (MG), one generic diglyc-
eride (DG), and one generic triglyceride (TG). In other words, all the different types of a
given glyceride are lumped into one generic glyceride (MG, DG, or TG). Most conclude the
reactions to be second order in both forward and backward directions. Noureddini and Zhu27
and Bashiri and Pourbeiram28 studied soybean oil transesterification with methanol in the
presence of sodium hydroxide. They both proposed a 3-region kinetic model with an initial
mass transfer controlled region followed by kinetics controlled reactions, and then equilib-
rium. Noureddini and Zhu27 also examined the effects of mixing intensity and temperature.
Vicente et al 30 studied the transesterification kinetics of sunflower oil. They reported that
the mass-transfer controlled region is not significant at high impeller speed. Stamenovic
et al.29 reported a three-region model for sunflower oil. Darnoko and Cheryan31 proposed
a pseudo second order model in the initial stages followed by first order or zero order for
the transetsrification of palm oil in the presence of potassium hydroxide. Shahbazi et al.32
examined the transesterification kinetics of palm oil in the presence of both sodium and
potassium hydroxides. They obtained a higher yield for the latter.
While the above models use MG, DG, and TG, the kinetic parameters for the same
reactions vary drastically from one study to another. For instance, the rate constants vary
from 0.039 mol−2L2min−1 to 9.09 mol−2L2min−1 for TG → DG; 0.012 mol−2L2min−1 to
367 mol−2L2min−1 for DG → MG, and 0.0015 mol−2L2min−1 to 11900 mol−2L2min−1 for
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MG → G. This is most likely due to the fact that each study uses the experimental data
on one specific oil as shown by Issrayikul et al.33 who found the parameters for the same
reaction to vary significantly between palm oil and mustard oil. This clearly suggests that
kinetic parameters do vary with the type of glyceride and lumping different glycerides into
one generic glyceride may not be accurate. Likozar and Levec34,35 addressed this limitation
by expressing oils in terms of all their different fatty acids. Using the experimental data on
four oils, they predicted the dynamic concentration profiles of various glycerides and esters
of fatty acids. They also studied the effects of oil, alcohol, catalyst, catalyst quantity, tem-
perature, and alcohol-to-oil molar ratio on the biodiesel yields and oil conversions. However,
their model is naturally huge and complex with many kinetic parameters whose accurate
estimation remains a significant challenge. Furthermore, it is also not clear whether such a
model complexity is warranted.
It is well known that saponification is a major unavoidable side reaction in biodiesel
production. It can significantly affect the yield and performance of a biodiesel reactor.
However, most existing studies ignore the presence of the saponification reactions. For
instance, Likozar and Levec neglected the impact of saponification in their complex model,
which limits its practical utility.
The above discussion leads us to the below questions on a practically useful kinetic model
for biodiesel production.
1. What reactions should the model include?
2. Is it possible to have an accurate model that is not oil-specific?
3. Will the model vary with the catalyst (NaOH vs KOH)?
4. What species granularity is acceptable? In other words, should each glyceride and
ester be considered as individually distinct or lumped species? How complex should
the model be?
5. How can we estimate the potentially many kinetic parameters accurately and reliably?
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In this work, we answer the above questions by performing the following tasks:
1. Develop a generalized reaction mechanism for biodiesel production from an arbitrary
mix of glycerides, water, free fatty acid (FFA), alcohol (AOH), and base catalyst. The
mechanism includes saponification as well.
2. Develop kinetic models of varying complexity for biodiesel production based on the
above mechanism.
3. Devise an algorithm to identify and estimate the most important parameters in a
complex kinetic model based on the available experimental data.
4. Validate the best model with the experimental data for specific oils.
Overall, we develop four generalized and practically useful models of varying complexity for
the base-catalyzed kinetics of biodiesel production. Table S1 (Supporting Information) pro-
vides a comprehensive account of the factors considered in this work along with a comparison
with two other studies in the literature.
This article is structured as follows. We first describe our kinetic models. We then explain
our parameter estimation framework. This is followed by details regarding initial parameter
estimates along with numerical analysis and comparison of our four models. Finally, we
analyze the impact of key factors and their interactions on biodiesel yield and quality. In
closing, we draw our conclusions and provide a brief perspective on future work.
Kinetic Models
While biodiesel can be produced from a variety of vegetable oils, most oils contain 95-98%
of triglycerides (TG) with traces of diglycerides (DG), monoglycerides (MG), water, and
free fatty acids (FFA). Therefore, without any loss of generality, we view a vegetable oil as
a known mixture of these five components. A glyceride is simply one or more fatty acid
groups attached to a glycerine (G) backbone. The glycerides from five fatty acid groups,
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namely O = Oleic, L = Linoleic, N = Linolenic, P = Palmitic, and S = Stearic are the
most common in oils. Thus, in this work, we consider the glycerides and esters of O, L, N,
P, and S only. Now, diglycerides and triglycerides are called simple or mixed depending on
whether their fatty acid groups are identical or different. For instance, triolein is a simple
triglyceride with three oleic acid groups, which we label as OOOG. Distearin (SSG) is a
simple diglyceride with two S groups. Dioleo-palmitin (OOPG) is a mixed triglyceride with
two O groups and one P group. Thus, we consider five simple triglycerides (OOOG, LLLG,
NNNG, PPPG, and SSSG), five simple diglycerides (OOG, LLG, NNG, PPG, and SSG), 10
mixed diglycerides (Table S2 in Supporting Information), 30 mixed triglycerides (Table S2),
and five monoglycerides (OG, LG, NG, PG, and SG) as possible components in an oil in
addition to water and FFA. The transesterification of these glycerides will then result in a
biodiesel with 5 alkyl esters (AE = AOE, ALE, ANE, APE, ASE, where A is either methyl or
ethyl) as possible components. We now use these species to propose four generalized models
(M1, M2, M3, and M4) based on the degrees of lumping and complexity.
Model M1
M1 assumes that the rates of transesterification and saponification do not depend on the
types of glycerides, esters, and FFAs. This allows us to represent all glycerides in terms of
three generic glycerides (MG, DG, and TG), all esters in terms of two generic esters (AE,
where A is methyl or ethyl), all soaps in terms of one generic soap (S), and all FFAs in
terms of one generic fatty acid (FFA). Thus, M1 has eleven species, viz. (MG, DG, TG, AE,
FFA, S, alcohol (AOH, methanol or ethanol), G, alkoxide (AO−, methoxide or ethoxide),
hydroxide (OH−) and water (W), resulting in the following eight reactions.
TG + AOH + AO− 
 DG + E + AO− (R1.1)
DG + AOH + AO− 
 MG + E + AO− (R1.2)
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MG + AOH + AO− 
 G + E + AO− (R1.3)
AOH + OH− 
 AO− + W (R1.4)
TG + 3OH− → 3S + G (R1.5)
E + OH− → S + AOH (R1.6)
FFA + OH− → S + W (R1.7)
FFA + AO− → S + AOH (R1.8)
Here, the concentration of a generic species is obtained by summing the concentrations of
all its constituent species. The above involve four reversible and four irreversible reactions,
thereby leading to 24 kinetic parameters (12 activation energies and 12 pre-exponential
factors).
Model M2
In contrast to M1, M2 simplifies the transesterification reactions. It assumes that reactions
(R1.2) and (R1.3) are much faster compared to (R1.1), so a triglyceride converts directly
into its corresponding esters during transesterification. However, M2 allows the rates to
vary with the type of triglyceride. Thus, instead of lumping all triglycerides into one TG, it
lumps them into five simple triglycerides (OOOG, LLLG, NNNG, PPPG, and SSSG), and
considers five distinct FFAs (HO, HL, HN, HP, and HS). M2 has 10 reactions (6 reversible
and 4 irreversible) involving 21 species as follows:
OOOG + 3AOH + AO− 
 G + 3AOE + AO− (R2.1)
LLLG + 3AOH + AO− 
 G + 3ALE + AO− (R2.2)
NNNG + 3AOH + AO− 
 G + 3ANE + AO− (R2.3)
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PPPG + 3AOH + AO− 
 G + 3APE + AO− (R2.4)
SSSG + 3AOH + AO− 
 G + 3ASE + AO− (R2.5)
AOH + OH− 
 AO− + W (R2.6)
OOOG + LLLG + NNNG + PPPG + SSSG + 15OH− → 15S + 5G (R2.7)
AOE + ALE + ANE + APE + ASE + 5OH− → 5S + 5AOH (R2.8)
HO + HL + HN + HP + HS + 5OH− → 5S + 5W (R2.9)
HO + HL + HN + HP + HS + 5AO− → 5S + 5AOH (R2.10)
where, AOE, ALE, ANE, APE, and ASE are 10 alkyl esters with A = methyl or ethyl. These
10 reactions involve 32 kinetic parameters (16 activation energies and 16 pre-exponential
factors).
Model M3
M3 follows M2 in using the five simple triglyceride (OOOG, LLLG, NNNG, PPPG, and
SSSG), but also uses the three stepwise transesterification reactions of M1. The five simple
triglycerides then lead to five simple diglycerides (OOG, LLG, NNG, PPG, and SSG) and
the five monoglycerides (OG, LG, NG, PG, SG) and five FFAs (HO, HL, HN, HP, and HS).
Thus, M3 has 20 reactions (16 reversible and 4 irreversible) with 31 species as follows:
OOOG + AOH + AO− 
 OOG + AOE + AO− (R3.1)
LLLG + AOH + AO− 
 LLG + ALE + AO− (R3.2)
NNNG + AOH + AO− 
 NNG + ANE + AO− (R3.3)
PPPG + AOH + AO− 
 PPG + APE + AO− (R3.4)
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SSSG + AOH + AO− 
 SSG + ASE + AO− (R3.5)
OOG + AOH + AO− 
 OG + AOE + AO− (R3.6)
LLG + AOH + AO− 
 LG + ALE + AO− (R3.7)
NNG + AOH + AO− 
 NG + ANE + AO− (R3.8)
PPG + AOH + AO− 
 PG + APE + AO− (R3.9)
SSG + AOH + AO− 
 SG + ASE + AO− (R3.10)
OG + AOH + AO− 
 G + AOE + AO− (R3.11)
LG + AOH + AO− 
 G + ALE + AO− (R3.12)
NG + AOH + AO− 
 G + ANE + AO− (R3.13)
PG + AOH + AO− 
 G + APE + AO− (R3.14)
SG + AOH + AO− 
 G + ASE + AO− (R3.15)
AOH + OH− 
 AO− + W (R3.16)
OOOG + LLLG + NNNG + PPPG + SSSG + 15OH− → 15S + 5G (R3.17)
AOE + ALE + ANE + APE + ASE + 5OH− → 5S + 5AOH (R3.18)
HO + HL + HN + HP + HS + 5OH− → 5S + 5W (R3.19)
HO + HL + HN + HP + HS + 5AO− → 5S + 5AOH (R3.20)




M4 is the most general of our four models, as it lumps only the soaps, and keeps all glycerides
and esters distinct. Thus, M4 has 71 species (35 triglycerides (Table S2), 15 diglycerides
(Table S2), 5 monoglycerides, 10 alkyl esters, 5 FFAs, S, AOH, G, AO−, OH− and W. It
involves the 110 reactions (106 reversible and 4 irreversible, as shown in Table S3, provided
in Supporting Information) with 432 kinetic parameters (216 pre-exponential factors and
216 activation energies).
The molar concentration (mol/L) profiles of various species in a constant-volume continuous-
stirred batch reactor (CSBR) can be described by the following ODEs,
dc(t)
dt
= ST · r(k, c(t)) c(t = 0) = c0 (E1)






where c(t) is the vector (11×1 for M1, 21×1 for M2, 31×1 for M3, and 71×1 for M4) of
species concentrations, S is the stoichiometric coefficient matrix (12×11 for M1, 16×21 for
M2, 36×31 for M3, and 216×71 for M3) for reactions (R1.1) to R4.110, and r(k, c(t)) is
the vector (12×1 for M1, 16×1 for M2, 36×1 for M3, and 216×1 for M4) of corresponding
reaction rates (mol/L/min). Based on the findings reported in literature,36 we assume that
order is one with respect to all the species respectively.
Given A, ∆E, c0, and a CSBR temperature profile T(t, 0 < t < tf ), Eq. (E1) can
be integrated numerically to obtain c(t) for 0 < t < tf . In this work, we used ODE15s
in MATLAB R2015a to solve Eqs. (E1) and (E2). From c(t), the ester yield (EY) and
triglyceride conversion (TGC) at time t can be computed as follows:



















where Et is the total concentration (mol/L) of esters and TGt is the total concentration
(mol/L) of triglycerides at t.
Algorithm for Estimating Model Parameters
Accurate and plentiful experimental data are essential for reliably estimating the various
model parameters. We reviewed the existing literature on biodiesel production to select 60
experiments (e=1, 2,. . . ,60) that were suitable for our models. All were isothermal reac-
tions, and involved eight oils (Cynara Cardunculus L.,37 a 50:50 wt% blend of Jatropha oil
and waste food oil,38 Jatropha,39 Linseed,39 Palm,33 Rapeseed,36,40 Soybean,41 and Sun-
flower30,42), two alcohols (Methanol and Ethanol), and two catalysts (NaOH and KOH). We
classify these experiments into three data-sets: DS1 with 18 experiments (e = 1,. . . ,18) using
methanol and KOH, DS2 with 21 experiments (e = 19,. . . ,39) using methanol and NaOH,
and DS3 with 21 experiments (e = 40,. . . ,60) using ethanol and NaOH. The experiments
with ethanol and KOH were too few and not suitable for our models. Each experiment e
reports Je reactor performances (Y expej = EY or TGC) at time points (j=1,2,. . . ,Je). Tables
S4, S5, and S6 (Supporting Information) gives all the experimental conditions for each data-
set DS1, DS2, and DS3. In total, we have 181 Y expej values for DS1, 169 for DS2, and 153 for
DS3.
Given the limited experimental data, it is not prudent to estimate all the model param-
eters simultaneously, as many are expected to be inconsequential. Therefore, we need to
identify the most significant parameters for each model, and then estimate their best-fit val-
ues. To this end, we propose an iterative parameter estimation algorithm shown in Figure 1.
The algorithm assumes a prefixed number (NP) for the significant rate constants, and begins
with some initial estimates for all the model parameters. Each iteration involves two steps.
In the first step, we identify NP significant rate constants based on a sensitivity analysis. In
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Figure 1: Adopted Framework for parameter estimation.
the second step, we estimate the best values for the activation energies and pre-exponential
factors corresponding to those NP rate constants by using nonlinear regression. Since the
sensitivities of the rate constants may depend on the assumed parameter values, and the
identities of the significant rate constants are not known with surety, we need to perform
iterations until these two are consistent with each other. The iterations will allow the set
of significant rate constants to change in response to the best-fit parameter values over it-




Consider estimating the parameters (A, ∆E, and k) of a model M = M1, M2, M3, or M4
from a given data set DS = DS1, DS2, or DS3. Let A∗, ∆E∗, and k∗ denote the best
estimates for A, ∆E, and k at an iteration in our algorithm. Define an average normalized
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refers to the upper
bound on the rate constant. We rank the rate constants in the decreasing order of their
NSC values, and identify the first NP rate constants as the most significant for the current
iteration.
Nonlinear Regression
Let us consider a modelM = M1, M2, M3, or M4. We set the A and ∆E of all rate constants
at their current best estimates (A∗, ∆E∗, and k∗). For a particular iteration, we keep all
the parameters fixed except the ones corresponding to the NP significant rate constants.
We then use fmincon function in MATLAB to minimize the sum of squared errors SS =
SS1, SS2, and SS3 separately by varying these A(k) and ∆E(k) between 0.1A∗(k) ≤ A∗(k)
≤ 10A∗(k) and 0.8∆E∗(k) ≤ ∆E∗(k)≤ 1.2∆E∗(k), where SS1 is the sum of squared errors
for DS1, and likewise.
Given the highly nonlinear nature of the above optimization problem, fmincon cannot
guarantee a globally best solution. Hence, we use a multi-start strategy to maximize our
chances of getting such a solution. We solve the nonlinear regression problem with 10
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different initial estimates for the 2NP parameters (A and ∆E) at each iteration except for
the last, where we use 100 initial estimates. We generate the initial estimates from the Sobol
sequence in MATLAB. The solution with the least SS gives us the best parameter estimates
for the next iteration.
We implemented the algorithm in MATLAB R2015a on a Dell Precision T-7910 with
Intel(R) Xeon(R) processor (36 cores, 2.3 GHz), 64.0 GB RAM and 64-bit Windows-7 OS.
Model Parameters and Comparison
We define two performance measures (Root Mean Square Error (RMSE) and Mean Absolute
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Parameters for M1
We used the values of A and ∆E from Valentine et. al.36 as our initial estimates. The
algorithm took 4 iterations for DS1, 5 iterations for DS2, and 4 iterations for DS3. Tables
S8-S10 (Supporting Information) show how the significant rate constants and their best-fit
parameter values change with iterations for each data-set. M1 has MAE and RMSE = 5.8%
and 7.6% for DS1, 5.1% and 6.4% for DS2, and 5.4% and 7.3% for DS3 (see Table 1).
Parameters for M2
To select the initial parameter estimates for our algorithm, we first identify the transester-
ification reactions ((R1.1) to (R1.3)) in M1 with the smallest rate constant (Eq. (E2)) at
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333.15 K. While 333.15 K seems to be the most common temperature in the experimental
data, the slowest reaction remains the same for all practical temperatures, but varies with
DS1, DS2, or DS3. Since M2 assumes that reactions (R1.2) and (R1.3) are much faster than
(R1.1), it makes sense to assign the smallest rate constant as the initial estimate. Since
reactions (R2.1) to (R2.5) are similar, we can use the same initial estimates for them. Thus,
the parameters for the smallest rate constant in M1 are used for reactions (R2.1) to (R2.5).
Similarly, reactions (R1.4) to (R1.8) are the same as (R2.6) to (R2.10), so we use the best-fit
parameter values of the former directly as the initial estimates for the latter. The algorithm
took 2 iterations for DS1, 8 iterations for DS2, and 2 iterations for DS3. Tables S11-S13
(Supporting Information) show how the significant rate constants and their best-fit param-
eter values change with iterations for each data-set. M2 has MAE and RMSE = 3.2% and
4.4% for DS1, 3.3% and 4.3% for DS2, and 6.1% and 7.9% for DS3 (see Table 1). Clearly
M2 is performing better for DS1 and DS2. While M1 is performing better than M2 for DS3.
Parameters for M3
Since M3 has some similarities with M1 and M2, we utilize the previous information from
M1 and M2 to select the initial parameter estimates for M3. For instance, the parameters
for reactions (R2.1) to (R2.5) (TG to AE) can be used as the initial estimates for (R3.1)
to (R3.5) (TG to DG). Since reactions (R3.6) to (R3.10) are specific versions of (R1.2), the
parameters for (R1.2) are used. Similarly, the parameters of (R1.3) are used for (R3.11) to
(R3.15) and those for (R2.6) to (R2.10) are used for (R3.16) to (R3.20). The algorithm took
4 iterations DS1, 6 iterations for DS2, and 5 iterations for DS3. Tables S14-S16 (Supporting
Information) show how the significant rate constants and their best-fit parameter values
change with iterations for each data-set. M3 has MAE and RMSE = 2.5% and 3.7% for
DS1, 3.1% and 4.1% for DS2, and 5.9% and 7.9% for DS3 (see Table 1). M3 is performing
the best for DS1 and DS2, but M1 is the best for DS3.
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Parameters for M4
Since M4 is a generalized version of M3, we can use the best-fit parameter values from
M3 to select some initial estimates for M4. For these estimates, we can assume that the
kinetics depends only on the type of fatty acid chain that reacts rather than its position
in the glyceride molecule. Therefore, OLPG 
 OPG and OLLG 
 OLG will have the
same initial parameter estimates as LLLG 
 LLG. This enables us to use the parameters
for reactions (R3.1) to (R3.15) as the initial estimates for R4.1 to R4.105 (Table S3 in
Supporting Information), and those for (R3.16) to (R3.20) for R4.106 to R4.110 (Table S3).
The algorithm took 7 iterations for DS1, 10 iterations for DS2, and 2 iterations for DS3.
Tables S17-S19 (Supporting Information) show how the significant rate constants and their
best-fit parameter values change with iterations for each data-set. M4 has MAE and RMSE
= 2.6% and 4.5% for DS1, 5.1% and 6.4% for DS2, and 5.7% and 8.0% for DS3 (see Table
1). Clearly M4 is not the best model for any of the three data sets.
Some sources of prediction errors can be the following,
• The experimental studies give limited or no information on oil compositions. We had
to assume a single uniform composition for each oil, which we assumed from one single
source.43 Clearly, the composition may vary from one experiment to another even for
the same oil.
• We assumed mass transfer effects to be negligible. While this is a sound practical
assumption and has been shown to have no/negligible effect at high mixing intensity,
there is no way to guarantee that this was true for each and every experiment/oil.
• Most studies reported plots rather than tabular data. We had to use an online digitizer
to obtain data at specific times.
• While we have tried our best to ensure global optimization, it cannot be guaranteed
for this highly nonlinear and complex regression problem.
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Model Comparison
While both MAE and RMSE measure average model prediction errors, RMSE is higher,
when there is higher variance in frequency distribution of error magnitudes. In other words,
higher RMSE may indicate the presence of outliers. Hence, as suggested by Garud et al.,44
we combine these two measures to obtain a normalized Pooled Error (P̂EM) to compare M







MAEM × RMSEM (E9)
Additionally, we use the normalized Akaike Information Criterion (ÂICM) to evaluate our
models. This is because the P̂EM values do not account for the model complexity and
therefore may favor over-fitting. AIC is a well known metric that penalizes extra parameters
while ranking the models in terms of the sum of squared errors. Mathematically this can be
stated as follows,





where, n is the number of kinetic parameters for model M (n = 24 for M1, 32 for M2, 72 for
M3, and 432 for M4), J is the number of data-points, and SS (= SS1, SS2, SS3) is the sum of
squared errors for data-sets DS1, DS2, and DS3 respectively. Finally, we combine these two
to obtain an overall metric for each model M = M1, M2, M3, and M4 (OMM) as follows,
OMM = ÂICM × P̂EM (E12)
As shown in Table 1, we see that M3 is the best model for DS1 and DS2. M1 seems too
simple and M4 too complex for our purpose and the available data. In other words, simple
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Table 1: Metrics indicating the performance of M1, M2, M3, and M4 for each data set DS1,
DS2, and DS3.
Data Set Model MAE RMSE P̂E ÂIC OMM Best Model
Set-1
M1 5.8 7.6 2.20 1.12 2.46
M3M2 3.2 4.4 1.27 1.00 1.27M3 2.5 3.7 1.00 1.02 1.02
M4 2.6 4.5 1.13 1.53 1.73
Set-2
M1 5.1 6.4 1.58 1.08 1.71
M3M2 3.3 4.3 1.06 1.00 1.06M3 3.1 4.1 1.00 1.05 1.05
M4 5.1 6.4 1.58 1.65 2.61
Set-3
M1 5.4 7.3 1.00 1.00 1.00
M1M2 6.1 7.9 1.10 1.03 1.13M3 5.9 7.9 1.08 1.08 1.17
M4 5.7 8.0 1.08 1.59 1.72
lumping of glycerides or esters into single generic ones as in M1 does not seem a good idea.
Similarly, the other extreme of keeping them all distinct is also not warranted. Neglecting the
diglycerides and monoglycerides might have deteriorated the performance for M2. However,
this reasoning does not seem to extend to DS3, as M1 is the best model for DS3. This may
be due to the lack of sufficient data for DS3 as far as M2, M3, and M4 are concerned. If
more detailed data were available, then the situation could have been different. However,
performance of M3 is comparable to M1 even for DS3, hence M3 can be regarded as the best
model.
The superior performance of M3 versus M1 can be explained by the fact that M3 accounts
for the finer composition of oil, while M1 does not. However, this logic does not extend to
M4, as M3 performs better than M4. This can be due to one or more of the following.
First, the experimental data used in this study involves EY or TGC at various times. Many
different combinations of ester or triglyceride concentrations can produce the same result.
As the number of glycerides increases, these combinations increase exponentially, making
it difficult to obtain the globally best-fit model. Second, the experimental studies provide
no information on their oil compositions or report only the fatty acid contents. While this
information is sufficient for M2 and M3, it is not for M4. We had to assume oil compositions
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from a single study,43 which may not be accurate for all the experimental studies. Thus, the
data limitations may have reduced the effectiveness of M4.
Let us now see how our models perform on some oil-alcohol-catalyst combinations that
did not feature in our 60 experiments. We found 11 (e = 1, 2, . . . , 11) such experiments
(Table S7 in Supporting Information). These 11 experiments reported only the final biodiesel
properties, and no detailed reaction profiles. Since M1 considers all glycerides and esters as
generic species, it cannot provide any information on the various ester species in the final
product. Hence, M1 cannot be tested for these 11 experiments. So, we use M2, M3, and
M4 to predict the final biodiesel compositions. The literature correlations45 in Table S20
(Supporting Information) are then used to estimate the biodiesel properties in Table S21
(Supporting Information). We observe that the models exhibit comparable performance
(as shown in Table S21). However, since M2 and M3 are far less complex than M4, they
are considered as better alternatives. Among M2 and M3, M3 is preferred because of its
ability to predict the diglyceride and monoglyceride composition, which is a critical standard
specification for biodiesel.
Figures S1-S3 (Supporting Information) show the predictions and errors from M3 versus
experimental observations. Key observations from the plots are as follows:
• The triglyceride conversion increases monotonically with reaction temperature. Thus,
the forward reactions dominate the reverse reactions even at higher temperatures.
Furthermore, ester yield also increases with temperature. In other words, the saponifi-
cation reactions are not decreasing the yield at higher temperatures and hence are not
significant as far as temperature effects are concerned.
• The ester yields go through maxima as catalyst concentration increases. This can be
explained as follows. The concentration of hydroxide ions increases with the catalyst
concentration. For a fixed amount of alcohol, the excess hydroxide ions promote the
saponification of esters and triglycerides and reversal of hydroxide-alkoxide reactions,
which decrease ester yields.
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• The ester yield or TG conversion increases monotonically with alcohol to oil ratio.
Higher alcohol amounts lead to higher alkoxide ion concentrations, promoting transes-
terification and retarding saponification.
Based on our comprehensive evaluation, we ascertain that M3 is the best model in terms
of prediction ability. We now analyze its robustness against variation in the triglyceride
composition. This is because the triglyceride composition not only varies among oils but
also across oils from different sources. Hence, it is vital that the model performance is not
significantly affected due to such variation. To this end, we randomly generate samples for
the triglyceride percentage within the range specified by Andrikopoulos (2002),43 for each oil
featuring in the 60 experiments (Table S22 in Supporting Information). We then evaluate the
performance of M3 against different oil compositions by using PE. As shown in Table S23,
we observe a maximum deviation of approximately 0.5% in the obtained results. Clearly,
the model exhibits robust performance, thereby, reinforcing our confidence in the practical
applicability of our model.
Identification of Key Factors and Interactions for Biodiesel
Yield and Quality.
In the final part of our study, we use M3 to study the impact of various input factors (e.g.
temperature (IF1), catalyst concentration (IF2), alcohol to oil molar ratio (IF3)) on Ester
Yield (EY) and Pour Point (PP). Table S24 (Supporting Information) shows the nine fac-
tors and their levels. To this end, we conduct a full factorial design of experiments using
M3 and perform an analysis of variance (ANOVA) using the anovan function in MATLAB.
Our design involves 67,500 experiments on M3 for each of DS1, DS2 and DS3. Table S25
(Supporting Information) lists the p-values and F-statistic for each factor and their inter-
actions. Such an extensive analysis will be impractical with real experiments, but having a
generalized model such as M3 makes it possible. Our analysis reveals the following,
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• All nine factors have zero p-values, hence they are all significant. However, based on
their F-statistics, we can conclude their relative order of significance as IF9 > IF8 >
IF3 > IF1 > IF6 > IF2 > IF7 > IF5 > IF4 for yield, and IF8 > IF9 > IF7 > IF3
> IF1 > IF6 > IF2 > IF5 > IF4 for PP. We observe that the choice of oil (IF7) is
relatively more important for PP than EY. This is because the biodiesel properties are
governed by its composition which is strongly dependent on the choice of oil. We can
say that all 2-factor interactions except those involving IF5 and IF6 are significant.
Finally, the 3-factor interactions are mostly insignificant and hence can be neglected.
The p-values associated with terms involving both IF8 and IF9 could not be computed
due to missing set of experiments for ethanol-KOH (alcohol-catalyst) combination.
• The p-values and F-statistic techniques test whether a set of group means are equal or
not. Rejection of the null hypothesis leads to the conclusion that not all group means
are the same. This result, however, does not provide further information on which
group means are different and how much different are they. To this end, we use the
multcompare function in MATLAB to compute population marginal means of the two
responses for each level of the nine input factors. The population marginal mean of
a particular factor, say IF1 is computed by averaging out the effects of other factors
i.e. IF2, . . . , IF8. Although the best way to compute these values is to conduct a one-
shot analysis for all the nine factors, the lack of data for ethanol-KOH combination
enforces us to compute them in two parts viz. (1) computing population marginal
means for IF1, . . . , IF7, IF8 while setting IF9 = NaOH; (2) computing population
marginal means for IF1, . . . , IF7, IF9 while keeping IF8 = Methanol. Figures 2 show
the population marginal means of the two responses versus the factorial design levels
of the input factors. Key remarks from the analysis are as follows:
1. The EY increased, while PP decreased with increase in IF1, IF2, IF3, and IF4
(Figures 2(a) and 2(c)). This is in accord with the experimental observations for
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Figure 2: Effects of the nine input factors on the Ester Yield and Pour Point.
IF1, IF3, and IF4. However, unlike the experimental data, we did not observe
any maxima for IF2.
2. The changes in the responses are negligible with respect to the changes in IF5
and IF6 (Figures 2(b) and 2(d)). Thus this supports the results indicated by the
F-statistics.
3. The choice of oil (IF7) did not affect the EY and CN significantly. However, the
PP values are much higher for Cottonseed oil than for the other two oils.
4. As stated earlier, the mean responses for IF8 and IF9 have been obtained in
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two separate analysis. Thus, even though the plots suggest that higher yield is
obtained using ethanol as alcohol and KOH as catalyst, it does not indicate that
ethanol-KOH form the best alcohol-catalyst combination. Instead, the correct
way to interpret is that if IF8 = Methanol, then IF9 = KOH can provide a higher
yield. Similarly, when IF9 = NaOH then IF8 = Ethanol can provide a higher
yield.
5. We also notice that varying the reactor operating conditions (IF1 to IF4) sig-
nificantly affect the yield but do not have a remarkable impact on the biodiesel
properties. On the other hand, the opposite is true for IF7. Hence, the signifi-
cance of input factors strongly depends on the response. Therefore, given a set
of inputs and outputs, only a subset of the input factors have a strong impact on
a subset of the responses. Hence, selecting an appropriate subset is quite crucial.
This is where a generalized model like the one developed in this work can have a
huge impact.
Conclusion
We developed four practically useful kinetic models viz. M1, M2, M3, and M4 for the
kinetics of biodiesel production. These models vary in complexity in terms of number of
reactions that range from 8 reactions (4 reversible and 4 irreversible) for M1 to 110 reactions
(106 reversible and 4 reversible) for M4, number of species that range from 11 for M1 to
71 for M4, and the number of kinetic parameters that range from 24 for M1 to 216 for
M4. Thus, M1 is the simplest while M4 is the most complex model. We then propose an
iterative algorithm to identify a prefixed number of significant rate constants and estimate
their kinetic parameters (A and ∆E). The key novelties of this study are: (1) for a given set
of data, we analyze the impact of both generality and complexity in the kinetics of biodiesel
production, (2) our models incorporate both transesterification and saponification and are
23
therefore practical, (3) we propose an iterative parameter estimation algorithm for estimating
the kinetic parameters of the four models, (4) we compare and analyze the performance of the
four models for a variety of experimental settings, and (5) we perform comprehensive analysis
for identification of key factors and their interactions using N-way Analysis of Variance.
Our extensive numerical analysis using dynamic data viz. ester yield or triglyceride con-
version for eight oils, two alcohols, and two catalysts and static data i.e. biodiesel properties
for eleven oils, two alcohols and two catalysts indicate that our models perform significantly
well. We observe that overall M3 is the best performing model based on its applicability and
multiple performance metrics viz. Root Mean Square Error (RMSE), Mean Absolute Er-
ror (MAE), Pooled Error (PE), Akaike Information Criterion (AIC), and an Overall Metric
(OM). Finally, we use our best model to identify the key factors and their interactions for
Ester Yield and Pour Point. Our analysis indicates that if one aims to optimize the yield,
the reactor operating conditions could be selected as the decision variables. On the other
hand, if the performance metric is a function of the biodiesel properties, then selection of
an oil or alcohol or catalyst may have a far greater impact. We also notice that higher yield
could be obtained with methanol-KOH and ethanol-NaOH alcohol-catalyst combinations.
Similar conclusion could not be provided for the choice of oil as the number of oils that are
most commonly used throughout the world is far greater than either the alcohol or catalyst.
Furthermore, considering the fact that the oils can be blended in varying proportions make it
far more difficult to provide conclusive evidence with respect to the same. Therefore, in the
future, we aim to use the generalized model developed in this study to analyze the impact
of oils on both the yield and quality of biodiesel. Since feedstock contributes approximately
60% to 80% of the total production cost, we believe detailed understanding of the impact of
an oil on the biodiesel production process can aid in making biodiesel a more economically
viable candidate in the fuel market.
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in the 60 experiments (Table S22).
10. Pooled Error (Mean±Standard Deviation) computed for evaluating the robustness
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Notations and Symbols
Sets
AE: Set of Alkyl Esters
DS1: Set of experiments for Methanol-KOH combination.
DS2: Set of experiments for Methanol-NaOH combination.
DS3: Set of experiments for Ethanol-NaOH combination.
Indices
e: Experiment (e = 1, . . . , 60)
j: Data-points (number of data-points vary with experiment number, see Tables S4, S5, and
S6)
ae: Alkyl Ester (ae = AOE, . . . , ASE, where A is either methyl or ethyl)






FFA: Generic Free Fatty Acid




AOH: Alcohol (A is either methyl or ethyl)







c(t): Species concentration vector (11× 1 for M1, 21× 1 for M2, 31× 1 for M3, and 71× 1
for M4)
c0: Initial Concentration vector
S: Stoichiometric coefficient matrix (12×11 for M1, 16×21 for M2, 36×31 for M3, and
216×71 for M4)
r(k, c(t)): Reaction rate vector (12× 1 for M1, 16× 1 for M2, 36× 1 for M3, and 216× 1 for
M4)
k: Vector of rate constants
klb: Lower bound for rate constant ‘k’ (computed at 0.1A(k) and 1.2∆E(k))
kub: Upper bound for rate constant ‘k’ (computed at 10A(k) and 0.8∆E(k))
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A: Vector of pre-exponential factors
∆E: Vector of activation energies
T: Reaction temperature (K)
R: Universal gas constant (R = 0.008314 kJ/mole K)
t: time-point
tf : Final time-point
Yej: Model prediction (EY or TGC for experiment e at time-point j)
Y expej : Experimental response (EY or TGC for experiment e at time-point j)
NSC(k): Normalized sensitivity coefficient of rate constant k
NP: Number of most significant rate constants
Je: Number of data-points for experiment ‘e’
J : Total number of data-points (J = 181 for DS1, 169 for DS2, and 153 for DS3)
MAEM : Mean Absolute Error for model ‘M’
RMSEM : Root Mean Square Error for model ‘M’
PEM : Pooled Error for model ‘M’
AICM : Akaike Information Criterion for model ‘M’
P̂EM : Normalized Pooled Error for model ‘M’
n: Number of kinetic parameters (A and ∆E)
ÂICM : Normalized Akaike Information Criterion for model ‘M’
OMM : Overall Metric for model ‘M’
NCae: Number of carbon atoms with respect to the fatty acid associated with alkyl ester
‘ae’
PWae: Percentage weight of alkyl ester ‘ae’
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